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Mitochondrial toxicologyUnderstanding the processes of mitochondrial dynamics (ﬁssion, fusion, biogenesis, and mitophagy) has been
hampered by the lack of automated, deterministic methods to measure mitochondrial morphology frommicro-
scopic images. Amethod to quantify mitochondrial morphology and function is presented here using a commer-
cially available automated high-content wide-ﬁeld ﬂuorescent microscopy platform and R programming-
language-based semi-automated data analysis to achieve high throughputmorphological categorization (puncta,
rod, network, and large & round) and quantiﬁcation of mitochondrial membrane potential. In conjunction with
cellular respirometry to measure mitochondrial respiratory capacity, this method detected that increasing con-
centrations of toxicants known to directly or indirectly affect mitochondria (t-butyl hydroperoxide [TBHP], rote-
none, antimycin A, oligomycin, ouabain, and carbonyl cyanide-p-triﬂuoromethoxyphenylhydrazone [FCCP]),
decreasedmitochondrial networked areas in cultured 661wcells to 0.60–0.80 at concentrations that inhibited re-
spiratory capacity to 0.20–0.70 (fold change compared to vehicle). Concomitantly, mitochondrial swelling was
increased from 1.4- to 2.3-fold of vehicle as indicated by changes in large & round areas in response to TBHP,
oligomycin, or ouabain. Finally, the automated identiﬁcation of mitochondrial location enabled accurate quanti-
ﬁcation of mitochondrial membrane potential by measuring intramitochondrial tetramethylrhodamine methyl
ester (TMRM) ﬂuorescence intensity. Administration of FCCP depolarized and administration of oligomycin
hyperpolarized mitochondria, as evidenced by changes in intramitochondrial TMRM ﬂuorescence intensities to
0.33- or 5.25-fold of vehicle control values, respectively. In summary, this high-content imaging method accu-
rately quantiﬁed mitochondrial morphology and membrane potential in hundreds of thousands of cells on a
per-cell basis, with sufﬁcient throughput for pharmacological or toxicological evaluation.
© 2014 Elsevier B.V. All rights reserved.1. Introduction
Mitochondrialmorphology is an actively regulated and dynamic fea-
ture altered viamitochondrial dynamics (MD)— the combination ofmi-
tochondrial ﬁssion, fusion, biogenesis, and mitochondrial autophagy
(mitophagy). Changes in MD have been associated with regulation of
oxidative metabolism, calcium homeostasis, and apoptotic or necrotic
cell death [1,2].
The evaluation of mitochondrial morphology using microscopy was
originally limited to manual classiﬁcation. The development of multi-
photon microscopy and ﬂuorescent dyes, coupled with high-deﬁnition
videography (enabling the capture of high-resolution images in livinglhoun St., Charleston, SC 29425,cells over time), greatly improved the qualitative observation of MD.
However, the large number of mitochondria within cells makes manual
classiﬁcation and quantiﬁcation prohibitive, as the ~100 individual mi-
tochondria observed within each cell translates to N104 mitochondria
per high power (40×) microscopic ﬁeld. Furthermore, quantiﬁcation
of mitochondrial morphology across a series of experiments greatly in-
creases the volume of data and complexity of the analysis. Due to these
limitations,many researchers reportmitochondrialmorphology via dis-
play of representative ﬁelds per treatment group and without robust
quantiﬁcation. Consequently, throughput is insufﬁcient and the resul-
tantly small subsets of mitochondria evaluatedmay be affected by sam-
pling bias.
Previous studies using microscopy and computational image analy-
sis, commonly referred to as high-content microscopy or image cytom-
etry, have demonstrated the strength of this approach with regard to
349A.P. Leonard et al. / Biochimica et Biophysica Acta 1853 (2015) 348–360limiting observer and selection bias in morphological evaluations while
increasing throughput [3–8]. While several groups havemade efforts to
apply high-content ﬂuorescencemicroscopy to the task ofmitochondri-
al morphological evaluation [4–8], only the approach of Koopman et al.
has demonstrated the throughput necessary for pharmacological/toxi-
cological evaluation [8]. However, by looking at morphometric mea-
sures across the diverse range of mitochondrial morphological
subtypes in aggregate, that approach loses power to detect subtler
changes in interconnectedness, and is not well suited to quantify the
abundance of morphological shapes that occur much less frequently
than others. This is of particular note as in the present study, large &
round (presumably swollen) mitochondria were observed at frequen-
cies less than 10% of the abundance of other morphological shapes
(Section 3.3.4). Similar to published machine learning methods
characterizing mitochondrial shape, our method aims to describe inter-
connectedness. However, by measuring the relative frequency of four
morphological phenotypes (shapes) comprised of networks, rod-like,
puncta, and large & round, the method developed here additionally en-
ables the quantiﬁcation of mitochondrial swelling.
Our approach for analyzing individual mitochondrial morphologies
is capable of large-scale mitochondrial measurement; that is to saymil-
lions to billions ofmitochondria across thousands of cells within a single
experiment can be classiﬁed according to interconnectedness and com-
plexity. This was achieved through automated live-cell wide-ﬁeld ﬂuo-
rescence imaging coupled with image-based computational high
content analysis and the use of a machine learning-derived classiﬁer
to segregate mitochondria into four shape-based categories [9]. The
method is further extended to observe changes in mitochondrial mem-
brane potential (ΔΨm) by examining ﬂuorescence intensity of a poten-
tiometric dye within mitochondria. The development of a deterministic
fully-automated algorithm improves throughput, allowing for evalua-
tion of entire cellular populations within multiple replicate microscopic
ﬁelds across repeated experiments, which in turn allows for decreased
observer and sampling bias.
2. Materials and methods
2.1. Cell culture
661w photoreceptor cells were generously provided by Dr. M. Al-
Ubaidi (University of Oklahoma) [10] and maintained under standard
conditions using DMEM-HG media (Sigma-Aldrich #D-7777) supple-
mented with 10% fetal calf serum (FCS, Atlanta Biologicals #S11550)
and alanylglutamine (GlutaMAX, Life Technologies #35050-061). Cells
of passages 15–25 were cultured to 80% conﬂuency before tryp-
sinization and seeded at a cell density of 8000 cells per well in 96 well
plates (Nunc Edge Plate, Thermo Scientiﬁc #167314) supplemented
with 5% FCS (fetal calf serum) and edge reservoirs ﬁlled with
phosphate-buffered saline (to prevent hydration-dependentmicroplate
edge effects) (PBS; Life Technologies #14080-055). After cells reached
80% conﬂuency (24 h), cells were washed in PBS, and media was
changed to DMEM with 5.5 mM glucose without phenol red (Sigma-
Aldrich #D-5030) and supplemented with 1% FCS to induce cell cycle
arrest. Cells were used for experiments 24 h after this media switch.
Treatments were for either 24 h (morphological analysis) or 1 h (mem-
brane potential analysis). All compounds used for treatment were from
Sigma-Aldrich (St. Louis, MO) unless otherwise speciﬁed, andwere pre-
pared at 1000× concentration in DMSO before administration to cells
(ﬁnal [DMSO] = 0.1% v/v).
2.2. Live cell staining
Cells were stained with Hoechst 33342 (Anaspec #83218), and
MitoTracker Deep Red FM (MTDR, Life Technologies #M22426). After
determining the lowest concentration of dye necessary to acquire high
signal-to-noise ratio (N3) images while maintaining exposure timesunder 1 s, cells were stained for 30 min at 37 °C with the above dyes
in phenol-red-free DMEM supplemented with 1% v/v FCS (Hoechst at
10 μM and MTDR at 50 nM), after which the media was replaced for
imaging.
2.3. Image acquisition and analysis: overview
Brieﬂy, 661w photoreceptor cells cultured on 96-well plates were
stained with Hoechst 33342 and MTDR, and imaged using wide-ﬁeld
ﬂuorescence microscopy (see Fig. 1a and Section 2.4). A z stack of
seven images was collected of MTDR-stained mitochondria and 2-D
deconvolution applied to the stack to output a single in-focus ﬁeld
with out-of-focus information removed (a process that simulates
confocal microscopy). Mitochondrial objects were identiﬁed from
deconvolved and preprocessed images using the “object” segmentation
algorithm in GE INCell Developer Toolbox 1.9.1, a variation of the “top
hat” approach to segmentation (Fig. 1b–c). Developer Toolbox is
available within the GE INCell Investigator 1.6.1 software package (GE
Healthcare Bio-Sciences, Pittsburgh, PA). As mitochondria display a
variety of shapes which indicate interconnectedness and health, four
categories were established: puncta, rod, networked, large & round.
Rods are an intermediate phenotype between puncta and networks.
The large & round group likely represents a combination of pathologi-
cally swollenmitochondria as well as normal mitochondria undergoing
ﬁssion or fusion (see Section 4). To automate classiﬁcation of mitochon-
drial objects into these bins, 1386 mitochondria were manually classi-
ﬁed, and a subset of 897 with 35 morphometric measures calculated
on each were then used to train a classiﬁer using conditional inference
recursive partitioning [9]. The remaining 489 mitochondria (test data,
not used to train classiﬁer) were used to test its performance. The R
code as well as the training and test data sets are included in Supple-
mentary Files; the decision tree output is shown in Supplementary
Fig. 2.
2.4. Automated microscopy—step 1: image acquisition
Wide-ﬁeld ﬂuorescence imaging of live cells was coupled with off-
line deconvolution of the MTDR-stained mitochondria to increase
acquisition speed (Fig. 1a). Lateral spatial resolution was 717 nm by
Rayleigh criteria and 555 nm (3 pixels) by Nyquist criteria, whereas
the averagewidth (narrowest dimension) of an individualmitochondri-
on is ~500 to 1000 nm [11]. Stained cells were imaged using ﬁlters cor-
responding to each dye and polychroic mirror (“X”, QUAD1) on the GE
INCell 2000 Analyzer automated wide-ﬁeld ﬂuorescence microscope.
The objective used was a 40× Nikon ELWD NA 0.6 matched with the
large-format 2048 × 2048 pixel 12-bit Coolsnap K4 camera (z/sampling
height 1.55 μm, xy/lateral pixel dimensions of 0.185 μm). Resolving
small objects near resolution limits like mitochondria requires high
signal-to-noise ratio images. To achieve this, seven images were
acquired in a set of z-stacks 1.55 μm apart on the Cy5 ﬁlter set
(MTDR-stained mitochondria) to enable 2-D deconvolution (see
Section 2.5.1). A single z section was obtained for Hoechst-stained nu-
clei on the DAPI ﬁlter set. Two series of images (ﬁelds or locations) for
each set of wavelengths were acquired in each well, and all conditions
were run in duplicate wells. Thus, each treatment condition was repre-
sented by 4 to 8 ﬁelds per plate, leading to 12 to 72 ﬁelds overall
acquired for each condition. Each plate was treated as an individual ex-
periment, n = 3–9 per condition.
2.5. Computational analysis
2.5.1. Step 2: image pre-processing
Preprocessing alters the rate of detection of mitochondrial objects,
namely improving the ability of the segmentation algorithm to identify
mitochondrial objects from background (Section 2.5.2). Image stacks
were opened in the GE INCell Developer Toolbox 1.9.1 program. Using
Preprocessing
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Fig. 1. Overview of morphological binning-based analysis of mitochondrial morphology. Automated wide-ﬁeld ﬂuorescence microscopy (a), was followed by preprocessing (2-D
deconvolution, intensity normalization) (b), segmentation (identiﬁcation of mitochondrial objects) (c), and classiﬁcation into 4 morphological subtypes (puncta, rods, networks, and
large & round) (d), [colors deﬁned in (f)] using a machine learning-based classiﬁer. Morphological measures for each subtype (area, count, length, etc.) were calculated and then aggre-
gated on a per-cell basis (target linking). Per-mitochondrion quality control was achieved by exclusion of small, dim objects (junk category deﬁned in Supplementary Fig. 2). Data were
annotatedwith experimentalmeta-data (treatment, concentration, plate, etc.) to facilitate unsupervised and supervised exclusion of low-quality cells andmicroscopic ﬁelds (out of focus,
poorly stained) to facilitate statistical analysis using new scripts developed in the R platform (e). Examples of mitochondrial object subtypes — puncta are small and round, rods are elon-
gated, and networks are further elongated. Large & round are distinctly larger than puncta, but still round (f).
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was conﬁgured to visualize all z sections and wavelengths acquired at
each time point (Supplementary Figs. 3 and4), and the image histogram
was expanded from 12-bit to a 16-bit range (65,536 gray levels) to ac-
commodate for deconvolution (written to process 16-bit images) and
to accommodate for images previously registered using the RNiftyReg
algorithm (also written to process 16-bit images; see Section 2.6, and
parallelImageReg.R in Supplementary Files). Next, the nearest-
neighbor deblur (2-D deconvolution) algorithm available in Developer
Toolboxwas applied to the seven z sections acquired of MTDR to simul-
taneously remove out-of-focus pixels and increase signal-to-noise of
the speciﬁc section. This deconvolution algorithm used a point-
spread-function (PSF) that characterizes the diffusion pattern (convolu-
tion) induced by the optics of the light microscopic objective lens. The
PSF was provided by the instrument and software manufacturer (GE).
The algorithm used the intensity of pixels across a z stack to determine
if each pixel was in focus or out of focus at the predeﬁned level of focus
(ﬁxed at the center section in this instance as an infrared laser
autofocusing mechanism was employed by the instrument to control
focus and determine the center section of each z stack). Following
deconvolution, the resulting image was ﬂat-ﬁeld corrected to remove
intensity ﬂuctuations arising from the projection of a curved image
onto the ﬂat camera (CCD) chip. Next, the resulting image histogram
datawas normalized using the Information Equalization transformation
to achieve normalized intensity values from one ﬁeld to another
(Fig. 1b). Normalized intensity values were critical to allow for exclu-
sion of aberrantly detected objects and for inter-experiment compari-
sons (see text in Sections 2.5.2 and 2.5.3). See Fig. 1b and Fig. 1a–b forexamples of preprocessed images. A graphical overview of the sequence
of image processing steps is shown in Supplementary Fig. 5.2.5.2. Step 3: segmentation
To locate mitochondrial objects, the processed images were subject-
ed to the Developer Toolbox object-based segmentation based on local
(i.e., relative) intensity variations. GE INCell Developer Toolbox docu-
mentation characterizes the “object” segmentation method as a modi-
ﬁed top-hat (Laplacian of Gaussian) segmentation algorithm, in that
identiﬁcation of objects of interest (mitochondria) is obtained by appli-
cation of a kernel point operation that identiﬁes pixels above a certain
threshold, given the two parameters of kernel size and sensitivity (in
this study, 3 pixel kernel, 75% sensitivity). This segmentation method
is subject to biaswith regard to absolute intensity levels; therefore, con-
trast normalization was performed to equalize brightness of images –
and therefore sensitivity of mitochondrial object detection – within
and amongst experiments.
Nuclei were detected with the Developer Toolbox nuclear segmen-
tation algorithm (100% sensitivity, 1.0 to 1.9 sensitivity range, and
100 μm2 minimum target area) in the Hoechst channel. The cellular cy-
toplasm was estimated by extending the mitochondrial object area in a
process known as opening (dilating objects outward until they touch/
overlap followed by eroding the aggregated area toward the centroid
of the new aggregated object). To separate cells from one another,
clump breaking was then performed on the cytoplasm mask, using the
nuclei image as a seed (1 cytoplasm = 1 nucleus). Clump breaking is
a process that separates an aggregate of two or more objects by
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object. Example segmentation is shown in Fig. 1c.
Segmentations were temporarily stored in memory as a “target set”
and represent a particular object of interest (e.g., nucleus, punctate mi-
tochondrion, rod mitochondrion, cytoplasm).
2.5.3. Step 4: denoise-free aberrant object exclusion
Following detection of mitochondrial objects during segmentation,
the 1-bit images, or masks (Fig. 1c and Supplementary Fig. 5) were fur-
ther processed to remove aberrantly detected objects and improve the
masks' representation of the experimental data. Post-processing quality
control focused on excluding objects also detected in background noise.
To ensure that mitochondrial objects were maximally separated, a wa-
tershed clump-breaking algorithm, which uses the presence of local in-
tensity minima within an object, was applied to the mask to separate
aggregates of adjacent individual objects. Finally, small objects
(b0.35 μm2) were excluded as any object represented by less than 3 ×
3 pixels would violate the Nyquist limit of resolution (sampling fre-
quency) [12]. To simultaneously avoid incorrect categorization of
mitochondrial phenotypes and avoid aberrant object detection (mito-
chondrion-level quality control), measures were calculated on individ-
ual objects to exclude objects that were too dim or too small (see
“Junk” category in Section 2.5.6 and Supplementary Fig. 2). Following
post-processing, the ﬁnal mask was stored in cache and used for subse-
quent measures of cells and mitochondrial objects in the same image.
2.5.4. Step 5: target linking
Target linking allows the computational re-establishment of known
biological relationships (i.e., manymitochondria are found in each cell, a
single nucleus is found within each cell). To compare mitochondrial
morphological and intensity-basedmeasures acrossmitochondrial sub-
types within individual cells, from cell to cell, from well to well and be-
tween experiments/treatment groups, a hierarchical target linking
strategy was employed to assign smaller objects (mitochondria of
each subtype, nuclei) to larger objects (cells). This was achieved using
two levels of hierarchy byﬁrst assigning every nucleus ormitochondrial
subtype to a speciﬁc cytoplasm object (deﬁning the combination of one
nucleus and surrounding cytoplasm as a Cell) and then assigning indi-
vidual mitochondrial subtype-cytoplasm linkages to each cell. For a
graphical representation of this concept, please see Supplementary
Fig. 6. Target sets (object types deﬁned by segmentation) are initially in-
dependent of one another with no relationship.
2.5.5. Step 6: morphometric measures calculation
Measures of object morphology and intensity were calculated for
every mitochondrion, and grouped on a per-morphological subtype
basis for every cell. That is, one rowof data describes the total or average
value for mitochondrial objects within an individual cell (e.g.
Networked Total Area is the area (in μm2)) of themask representingmi-
tochondrial objects classiﬁed as networked and assigned to an individ-
ual cell; average networked ﬁber length (in μm) is the average ﬁber
length of the networked mitochondrial object type within each cell.
These measures also included counts of mitochondrial objects, area of
mitochondrial objects; and for complex shapes (i.e., networks), average
length and ﬁber length. Fiber length is a variant of length that is derived
by skeletonizing the mitochondrial object network into its individual
branches [6], followed by the summation of the length of all branches.
Length is the longest distance between two pixels in an object, and
thus part of the complexity may be lost in this measure. To enable cor-
relation of the individual mitochondrial object measures within a cell,
results from all target linkages are assigned to cells by enabling the op-
tion “Display Measures in Primary Target Set” for each linkage in each
target link's options in Developer Toolbox (see Section 2.5.4, and Sup-
plementary Fig. 6). Enabling this feature enabled the software to also re-
port measures made on each mitochondrial subtype within each cell
(versus only reporting the measures in the subtype's target set).2.5.6. Step 7: individual mitochondrial subtype classiﬁcation
The next step of the analysis is to classify mitochondrial objects by
morphological subtype to evaluate the degree of interconnectedness.
In order to classify interconnectedness, an algorithm (decision tree)
was established using machine learning (see Section 2.5.7). Using a
priori knowledge of mitochondrial shape variation combined with pre-
viously published literature characterizing mitochondrial morphology,
four mitochondrial subtypes were deﬁned, based on morphology and
intensity measures (see Section 2.5.6): puncta, rods, networks, and
large & round [7,13]. Machine learning (described in Section 2.5.7)
was used to identify values of the morphological measures which max-
imally segregated these four subtypes from one another and from aber-
rantly detected ﬂuctuations in background intensity (classiﬁed as
“junk”). The measures displayed in Supplementary Fig. 2 deﬁned the
decision tree. Each subtype was deﬁned as a separate “target set” (inde-
pendent object type), converting the decision tree into a series of com-
plementary logic statements within Developer Toolbox's option for
inclusion criteria in each target set. Exclusion of a ﬁfth class, “junk”,
was useful in improving the classiﬁcation scheme; thiswasmade neces-
sary by the use of denoise-free preprocessing which increases the seg-
mentation algorithm's likelihood of ﬁnding objects comprised of small
ﬂuctuations in background intensity (see Section 2.5.3).
2.5.7. Step 7.1: using conditional inference-based machine learning to de-
rive mitochondrial morphological subtype classiﬁcation scheme
To generate the classiﬁer used in Section 2.5.6, initial efforts used
empirical methods to establish cutoff values for calculatedmorphomet-
ric measures (area, length, etc.) to bin mitochondrial objects into the
four categories using a decision tree of 5–7 nodes. However, low accura-
cy of thismanually established tree and lack of generalizability amongst
experiments encouraged the use of computational methods to deter-
mine amore reliable decision tree classiﬁcation scheme.Machine learn-
ing is a statistical and computational technique that may be used to
derive a classiﬁcation scheme from classiﬁed training data [9,14,15]. In
this case, images were processed using the steps outlined in
Sections 2.5.1, 2.5.2, and 2.5.5, reporting instead all calculable measures
on every individual mitochondrion (rather than aggregating on a per
cell basis). Manual classiﬁcation was performed on 1386mitochondrial
objects within a variety of microscopic ﬁelds representing both cells
treated with toxic compounds and compounds treated with vehicle.
The ctree method from a published computational toolbox for condi-
tional inference recursive partitioning (http://cran.r-project.org/web/
packages/party/) was used in R version 3.0.1 (64-bit) to establish a clas-
siﬁcation scheme [9]. The algorithm grouped mitochondrial subtypes
using 26 binary nodes that followed logic (networks had the longest
length, puncta are small and have a form factor near 1, etc.). See Supple-
mentary Fig. 2 to view the entire decision tree, and Fig. 1c–d for exam-
ples of the classiﬁer's performance overlaid on microscopic images. See
Fig. 1f for mitochondrial shapes exemplary of the puncta, rod, network,
and large & round subtypes.
2.5.8. Step 8: supervised analysis, data annotation
The result of the above analysis was a 2-dimensional matrix or “list
mode data”, with each row representing an individual cell and each col-
umn a measure conducted on that particular cell. These data matrices
were annotated to enable rapid interrogation of relevant measures
and statistical calculations on amultilevel basis (groups of experiments,
per-plate, per-treatment group, per-ﬁeld, and per-cell). This is concep-
tually outlined in Fig. 1e. Data between experimental replicates were
aggregated into spreadsheets within Microsoft Excel 2010 (Microsoft,
Seattle,WA), and replicate experiments tracked by inclusion ofmetada-
ta columns that described each plate. Text-based metadata extraction
formulae were also incorporated into group cells and ﬁelds by treat-
ment group (minimum of 4 replicate ﬁelds per condition per plate).
Data were aggregated into column format (each row now representing
the average or total value of a particular measure per ﬁeld per
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La Jolla, CA) using a PivotTable. Subsequent studies ofmembrane poten-
tial (Section 2.6) used a new function developed in R for fully-
automated data annotation (see annotateData.R in Supplementary
Files).
2.6. Detection of mitochondrial membrane potential (ΔΨm)
In a second series of experiments, 62.5 nM TMRM (tetrame-
thylrhodamine methyl ester perchlorate, #T5428 Sigma-Aldrich,
St. Louis, MO) was loaded into 661w cells simultaneously with 50 nM
MTDR and 10 μM Hoechst 33342 for 30 min. Cells were washed with
PBS, andmedia was changed to 90 μL DMEMwith no phenol red (imag-
ing buffer). Cells were then incubated an additional 3 h prior to treat-
ment to allow the free chloromethyl group of MTDR to react with free
protein sulfhydryls (a covalent linkage) to allow for retention inside
the mitochondria, independent of ΔΨm. Treatments were prepared at
10× ﬁnal concentrations in imaging buffer, and 10 μL of each treatment
administered to each well of the imaging plate simultaneously, using
the VIAFLO 96 (Integra Biosciences, Hudson, NH) multichannel liquid
handling system (0.1% v/v [DMSO] ﬁnal). The GE INCell 2000 Analyzer
was conﬁgured to acquire the nuclear image in channel 1 (DAPI ﬁlter
set), the MTDR z series in channels 2–8 (Cy5 ﬁlter set), and the TMRM
image in channel 9 (Cy3 ﬁlter set). Chromatic aberration in the optical
setup led to lateral (XY) misalignment of Cy3 images relative to DAPI
and Cy5 images. To correct this aberration, the misaligned TMRM im-
ages were registered (Supplementary Fig. 5) after acquisition using
the RNiftyReg package in R 3.0.1 64-bit, using themiddle (in-focus) sec-
tion of the MTDR series as “target”, and the TMRM image as “source”
[16]. Pearson's correlation R values were calculated using Coloc2 in FIJI
(FIJI version 1.47d, http://ﬁji.sc). See parallelImageReg.R in Supplemen-
tary Files for the code used. Once registered, the images were analyzed
as before in Developer Toolbox (Section 2.5), including additional mea-
sures of average TMRMobject intensity for nuclear, cytoplasmic, and in-
dividual mitochondrial subtypes. Following analysis, data were
annotatedusing newly developed functions in R for interfacingwithDe-
veloper Toolbox data output (annotateData.R in Supplementary Files).
To correct for background TMRM ﬂuorescence, the average TMRM ﬂuo-
rescence intensity was determined for eachmitochondrial subtype for a
given cell. This was followed by a subtraction of the average TMRM
background ﬂuorescence within that cell's nucleus (a region devoid of
mitochondria). Images displayed in Fig. 6a–c were obtained by the
“multiply” function in Image Calculator using FIJI, enabling the 32-bit
(ﬂoat) option and applying the “Fire” look-up table to the result to en-
hance the contrast of the polarization signal. The input images for mul-
tiplication were the mask derived from segmentation in Developer
Toolbox (1-bit) and the registered and ﬂat-ﬁeld corrected TMRM
image. Theminimumandmaximum settings in the Brightness and Con-
trast were adjusted to be equal amongst all images. Supplementary
Fig. 1 was generated using similar techniques (equal contrast settings
for each row) while leaving the look-up table as grayscale and not ap-
plying the segmented mask via multiplication (i.e., a raw image).
Fig. 6h–i was generated by the “density” function in R's “stats” package,
which is an implementation of kernel density estimation [17]. The den-
sity estimation bandwidth was set to default for each plot. The Kolmo-
gorov–Smirnov test (ks.test function, CRAN: stats package) was used
to make pairwise comparisons between treatment group populations
(vehicle versus FCCP, vehicle versus oligomycin, FCCP versus
oligomycin) (see dPsi.R in Supplementary Files) for code used for gener-
ation of Fig. 6h–i.
2.7. Seahorse XF96 respirometry
661w photoreceptor cells were seeded (6000 cells/well) into XF96
polystyrene plates (Seahorse Biosciences, Billerica, MA) and incubated
for 48 h in DMEM-HG (Sigma-Aldrich) supplemented with 5% FCS.Lower seeding densities were used since the XF96 plate well bottom
area is signiﬁcantly smaller (~60%) compared to standard 96 well
plates. Following this growth period, media was changed for DMEM
supplemented with 5.5 mM glucose and 1% v/v FCS and vehicle or tox-
icant treatments administered for 24 h. Just prior to time of assay,media
was switched to bicarbonate-ion-free RS (reduced serum) buffer at
pH 7.4 prepared with 130 mM NaCl, 5.33 mM KCl, 1.8 mM CaCl2,
0.6 mM MgCl2, 0.5 mM KH2PO4, 0.5 mM NaPO4·(H2O)7, insulin, and
5.5 mM glucose, and supplemented with 1% v/v FCS, 2 mM
alanylglutamine (GlutaMAX), 2 mM glutamine, 1% v/v MEM vitamins,
1% v/v MEM amino acids, 1% v/v MEM non-essential amino acids, and
1% v/v penicillin/streptomycin. All inorganic salts used were obtained
from Sigma-Aldrich (St. Louis, MO) and organic supplements obtained
from GIBCO/Life Technologies (Grand Island, NY) unless otherwise
noted. After recording 3 baseline oxygen consumption rate (OCR)mea-
surements, the response of cells to 1 μM FCCP (carbonyl cyanide-p-
triﬂuoromethoxyphenylhydrazone) was measured. The concentrations
of FCCP, glutamine and alanylglutaminewere titrated in preliminary ex-
periments to elicit maximal respiration in 661w cells (unpublished ob-
servations). Maximal respiration following FCCP administration is
frequently used as a mitochondrial stress test, and correlates with ATP
production capacity [18]. Uncoupled OCRs for each condition were re-
corded and reported as mean +/− standard error of the mean (SEM)
across experiments.
2.8. Statistical analysis
Unless otherwise speciﬁed, graphing and statistical analyses were
performed in GraphPad Prism 6.02 (GraphPad Software, La Jolla, CA).
Tests for signiﬁcance amongst groups were conducted via the non-
parametric Kruskal–Wallis test and post-hoc pairwise tests (Dunn's cor-
rection for multiple tests) based on normality of underlying data as de-
termined using D'Agostino–Pearson omnibus normality test. Outlying
ﬁelds (low seeding density, poor staining, etc.) were excluded using
the Rout algorithm (Q = 10%) on every experimental replicate (micro-
scopic ﬁeld) within each treatment group. The mean value for each
measure (without outliers) was then calculated per experiment. Data
shown are mean ± SEM amongst replicate experiments. Multiplicity-
adjusted p values were determined; p b 0.05 compared with vehicle de-
notedwith an asterisk. Power analysis was not performed to determine
required sample sizes in mitochondrial morphological studies (Fig. 1
through Fig. 5) as these studies represented the ﬁrst quantiﬁcation of
the fourmitochondrial subtype areas deﬁned in thismethod and the au-
thors had no expectations of standard deviation or expected effect size.
For the membrane potentiometric studies, it was deﬁned that a differ-
ence of 20% would be of biological interest and the coefﬁcient of vari-
ance from all mitochondrial object area (5.1%) was used to calculate
power. The result of this analysis was that n = 3 experiments should
be the minimum number of replicates needed to achieve 80% power
in a one-way ANOVA with three groups and α = 0.05. Russ Lenth's
web-based power analysis software was used for this calculation [19].
3. Results
3.1. Overview of results
The performance of the classiﬁer to bin mitochondria into four mor-
phological subclasses is presented in Section 3.2 followed by analysis of
the mitochondrial morphological response to known mitochondrial
toxicants in Section 3.3. This is then followed by the analysis of
mitochondrial membrane potential in Section 3.4. In the morphological
analysis (Section 3.3), seven measurements are reported: total mito-
chondrial object area (comprised of all phenotypes, representative of
total mitochondrial mass), puncta area, rod area, networked area,
large & round area, total mitochondrial object count, and the average
ﬁber length (length along all branches) of networked mitochondrial
353A.P. Leonard et al. / Biochimica et Biophysica Acta 1853 (2015) 348–360objects. To correlate these morphological ﬁndings with the effects of
toxicants onmitochondrial electron transport chain function, respirom-
etry was conducted in parallel experiments (method described in
Section 2.7). All treatmentswere for 24 h unless otherwise noted. As de-
scribed in Section 2.8, b2.0% of microscopic ﬁelds were excluded using
outlier exclusion criteria.
3.2. Performance of mitochondrial subtype classiﬁer
To enable automated classiﬁcation of mitochondrial objects, the
computational technique of machine learningwas employed to estab-
lish an optimized classiﬁcation scheme. Brieﬂy, 1386 mitochondrial
objects were manually classiﬁed into the four bins (networked, rod-
like, punctate, and large & round), followed by separation of these
mitochondrial objects into a test set of 489 and a training set of 897.
The training set was then used as input to a published computational
toolbox for conditional inference recursive partitioning to train a de-
cision tree [9]. Supplementary Fig. 2 describes the measures and
breakpoints along those measures that the machine learningba
skrowten-nayC█
█ Yellow - rods
atcnup-deR█
█Magenta - large+round
Mitochondrial
Morphological   :
Subtypes (bins)
Vehicle Control
dc
Fig. 2. Representative images of t-butyl hydroperoxide (TBHP)-induced damage tomitochondri
analyzed using the describedmorphometric analysis. Pre-processed images of livingmitochond
Nuclear borders were identiﬁed from Hoechst staining, and cell borders were deﬁned via “ope
taining a nucleus and composed of surrounding mitochondria.algorithm determined most effective in partitioning categories (de-
tails in Section 2.5.7).
To evaluate the performance of the decision tree, several confusion
matrices (tables of predicted categories versus manually determined
categories)were generated aswell as κ statistics to evaluate agreement.
The predictions within the training set (Supplementary Table 1a) were
accurate and errors were predictable — that is, confusion was highest
amongst similar shapes. Excluding misclassiﬁcation as junk, rods were
most often misclassiﬁed as networks (23/29 misclassiﬁcations) and
vice versa (5/6 misclassiﬁcations), and large & round were most often
confused with puncta (6/12 misclassiﬁcations) and vice versa (13/14
misclassiﬁcations). The accuracies within the consensus test set (Sup-
plementary Table 1b) followed the same trends as those in the training
set with the following exceptions. Excluding misclassiﬁcation as junk,
rods were most often misclassiﬁed as puncta rather than networks
(18/26 misclassiﬁcations), and large & round mitochondrial objects
were tied for confusion with puncta or rods (2/4 misclassiﬁcations
each). Taken together, performance degraded marginally as expected
inmoving to a set ofmitochondrial objects “never seen” by the classiﬁer█Blue - Nucleus Border
█Green - Cell Border
Cellular
Markers:
1 mM TBHP 24 h
a. 661w cells were exposed to vehicle (0.1% DMSO) (a, c) or 1mMTBHP (b, d) for 24 h and
ria stained with MitoTracker Deep Red (MTDR) (a, b). Classiﬁcation results overlaid (c, d).
ning” the preprocessed and segmented MTDR image. A cell was deﬁned as an object con-
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Fig. 3. Quantitative assessment of oxidant-induced mitochondrial damage. Carbonyl cyanide-p-triﬂuoromethoxyphenylhydrazone (FCCP)-uncoupled respiratory capacity, which mea-
sures mitochondrial electron transport chain function, was measured via Seahorse XF96 respirometry following 24 h treatment with t-butyl hydroperoxide (TBHP) at the concentrations
indicated (a). Results of the corresponding mitochondrial morphological assessment (b–h). n = 4–9 experiments (numbers on each bar), representing 30k–300k mitochondria per con-
dition, bars SEM. Data analyzed by Kruskal–Wallis test followed by Dunn's post test, all groups versus vehicle (0.1% DMSO). *Multiplicity-adjusted p b 0.05 versus vehicle.
354 A.P. Leonard et al. / Biochimica et Biophysica Acta 1853 (2015) 348–360(as measured by κ-statistic of 0.710 for training set and 0.644 for test
set). The small difference between these κs indicated a tolerable degree
of generalizability to data naïve to the classiﬁer and suggested the clas-
siﬁer would work well on a variety of datasets [20,21].
Before reaching consensus, the authors were blinded from one an-
other in their classiﬁcation of the same 489 mitochondrial objects in
Supplementary Table 1b (test set) to further characterize the original
classiﬁcation tree and its potential generalizability, as the disagreement
between authors can serve as a benchmark for error. Although degrada-
tion was observed in comparing the classiﬁer (developed using author
AL's training data) against author RC's classiﬁcations of the same test
data (κ= 0.557) (Supplementary Table 2b), this amount of decreased
agreement was consistent given the level of disagreement of authors
AL and RC: κ = 0.641 (Supplementary Table 2b). To provide insight
into the generalizability of this classiﬁer, authors AL and RC together de-
cided on a consensus classiﬁcation for the full test set: κ=0.601, (Sup-
plementary Table 1b), which is similar to the levels of agreement
between the classiﬁer and the blinded author AL's κ= 0.644 (Supple-
mentary Table 2a) and classiﬁer versus blinded author RC's κ= 0.577
(Supplementary Table 2c), indicating that the classiﬁer is not signiﬁ-
cantly biased to a single individual.To test whether or not the classiﬁer performs better on easy to clas-
sify (unambiguous) mitochondrial objects, its levels of agreement with
two conditions of the test setwere evaluated: 1)when author AL andRC
agreed (likely unambiguous) and 2) when author AL and RC disagreed
(likely ambiguous). The classiﬁer demonstrated increased performance
when compared against a subset of the test mitochondrial objects that
both authors blindly agreed upon (κ = 0.731, Supplementary
Table 2d), and decreased performance when analyzing mitochondrial
objects that the authors blindly disagreed upon (κ=0.258, Supplemen-
tary Table 2e), supporting the hypothesis that the classiﬁer's accuracy –
just like that of a human classiﬁer – was better when morphology is
unambiguous.
Using this classiﬁer, 95% of aberrantly detected objects (junk) were
excluded. Within the four mitochondrial object classes (networks,
rods, puncta, and large & round), accuracies were 95%, 77%, 95%, and
64%, respectively, as judged by agreement with a test set of 489 consec-
utively detectedmitochondrial objects classiﬁed via consensus between
authors AL and RC (Supplementary Table 1b). These accuracies corre-
spond with a kappa statistic (κ) of 0.601, indicating that the algorithm
agreed well with two human classiﬁers (Section 2.5.7 and Supplemen-
tary Table 1).
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Fig. 4. Quantitation of changes in morphology elicited by mitochondrial toxicants. Carbonyl cyanide-p-triﬂuoromethoxyphenylhydrazone (FCCP)-uncoupled respiratory capacity which
measures mitochondrial electron transport chain function, was measured via Seahorse XF96 respirometry following 24 h treatment with toxicant at the concentrations indicated (a–
d). Results of the corresponding mitochondrial morphological assessment are shown in panels e–p. n = 3–9 experiments (numbers on each bar), bars SEM. Data analyzed by Kruskal–
Wallis followed by Dunn's post test, all groups versus vehicle (0.1% DMSO). *Multiplicity-adjusted p b 0.05 versus vehicle. Additional measures for each toxicant are displayed in Supple-
mentary Figs. 7–10.
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3.3.1. Oxidative stress — t-butyl hydroperoxide (TBHP)
The model oxidant tert-butyl hydroperoxide (TBHP) causes oxida-
tive stress and mitochondrial damage in 661w cells at lower concentra-
tions than that needed to decrease cellular viability [22–25]. At 24 h, this
functional damage is readily visualized as a loss of ﬁlamentous
networkedmitochondria and induction of swelling (Fig. 2). Respirome-
try demonstrated an 80% decrease in respiratory capacity at TBHP con-
centrations of 500 μM and higher, conﬁrming mitochondrial
dysfunction (Fig. 3a). At 500 μM, a 25% decrease in total mitochondrial
area (Fig. 3b) and a 25% increase in the large & round phenotype were
observed (Fig. 3g). At 1mM, twice asmany changeswere noted, includ-
ing a 40% decrease in overall mitochondria counts and rod area (Fig. 3c,e), a 50% decrease in area of networked mitochondria (Fig. 3f), and a
10% decrease in networked ﬁber length (Fig. 3h). Interestingly, no
changes in puncta area were observed at any concentration (Fig. 3d).
At 24 h, no cell loss was observed at the concentrations tested (data
not shown).
3.3.2. Mitochondrial electron transport chain inhibition
Following the studies of general oxidative stress, mitochondrial
morphological remodeling in response to 24 h incubation with toxi-
cants speciﬁc to a single mitochondrial target was measured. Rotenone
and antimycin A inhibit electron transport chain complexes (ETC) I and
III, respectively [26,27]. Oligomycin inhibits the Fo subunit of ETC com-
plex V, blocking oxygen consumption linked to ATP phosphorylation
[28].
Vehicle 24 h
Total = 133 μm² per cell
Antimycin A 1 μM
Total = 154.7 μm² per cell
Oligomycin 10 μM
Total = 137 μm² per cell
*
Ouabain 500 μM
Total = 142.6 μm² per cell
TBHP 1 mM
Total = 115 μm² per cell
*
*
*
Rotenone 10 μM
Total = 132 μm² per cell
Legend:
a b c
d e f
Networks
Rods
Puncta
Large & Round
Fig. 5. Relative abundance of mitochondrial phenotype proportions per cell. The size of each shaded area within each panel represents the proportion of each individual phenotype's av-
erage area of the total mitochondrial object area. Panels show the proportion of total mitochondria in cells treated with vehicle control (0.1% DMSO) (a), antimycin A (b) oligomycin (c),
ouabain (d), t-butyl hydroperoxide (e), or rotenone (f). Data analyzed by Kruskal–Wallis followed by Dunn's post test, all groups versus vehicle. *Multiplicity-adjusted p b 0.05 versus ve-
hicle (proportion of subtype in treatment group versus proportion of same subtype in vehicle control). See Supplementary Tables 3 and 4 for numerical representations of these data.
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100 nM (Fig. 4a).While nomorphological changeswere statistically sig-
niﬁcant at this low concentration, increasing the concentration to 1 μM
elicited a 33% decrease inmitochondrial object total area (Fig. 4e),mito-
chondrial count, and areas of rods and networks (Fig. 4i). Increasing the
concentration to 10 μMfurther decreased the aforementionedmeasures
and decreased puncta area by 60%. At no concentration of rotenone
were changes noted in either the large & round subtype (Fig. 4m) or
of the average ﬁber length of networks (Supplementary Fig. 7). At
24 h, no cell loss was observed at the concentrations tested (data not
shown).
Antimycin A decreased respiratory capacity at 1 μM (80%, Fig. 4b).
However, morphological remodeling was already observed at lower
concentrations. At 1 nM, antimycin A caused a 20% decrease in networks
(Fig. 4j), which at higher concentrations was accompanied by 20% de-
creases in total mitochondrial object area (Fig. 4f). None of the other
measures were altered at 1 nM or 10 nM (Supplementary Fig. 8). At
24 h, no cell loss was observed at the concentrations tested (data not
shown).
Oligomycin decreased respiratory capacity by 85% at 10 μM(Fig. 4c).
At this concentration, overall mitochondrial object area and count de-
creased by 40% and 25%, respectively, indicating an overall loss of mito-
chondrial mass (Fig. 4g). Oligomycin also induced decreases in rods and
networked areas (Fig. 4k), and the length of networks (30%, 55%, and
15%, respectively), while the large & round population increased 130%
(Fig. 4o). No decreases in puncta area were observed with oligomycin
treatment (Supplementary Fig. 9). At 24 h, no cell loss was observed
at the concentrations tested (data not shown).3.3.3. Na+/K+ ATPase inhibition at the plasma membrane
Ouabain is an inhibitor of the plasma membrane Na+/K+ ATPase,
which results in the inﬂux of Na+ and water into the cell, leading to
cell and mitochondrial swelling [29]. By decreasing ATP usage through
theNa+/K+ATPase, ouabain also decreasesOCR indirectly by abolishing
mitochondrial demand for the generation of ATP to maintain plasma
membrane potential [30]. At 500 μMouabain,mitochondrial respiratory
capacity decreased by 30% (Fig. 4d). Total mitochondrial object area de-
creased by 20%, comprised mainly of decreases in the networked popu-
lation (25%, Fig. 4h, l). As expected, since ouabain increases water
content, a 75% increase was detected in the large & round subtype(Fig. 4p). The ﬁber length of networks also decreased 10% (Supplemen-
tary Fig. 10). No signiﬁcant changes were observed in other measures.
At 24 h, no cell loss was observed at the concentrations tested (data
not shown).
3.3.4. Relative abundance of mitochondrial morphological phenotypes
One motivation for looking at subtypes individually is that there is
an unequal abundance of mitochondrial object phenotypes. Mitochon-
drial objects in 661w cells treated with vehicle are comprised of 61%,
28%, 9%, and 2% of networks, rods, puncta, and large & round, respective-
ly (Fig. 5, Supplementary Tables 3, and 4). Treatment with oligomycin
increased the proportion of large & round mitochondria to 5%
(Fig. 5c). Treatment with TBHP shifted all proportions, with a 15% loss
in networks and increases in rod, puncta and large & round mitochon-
dria by 6%, 7%, and 2%, respectively (Fig. 5e). Treatment with antimycin
A, ouabain, or rotenone induced no signiﬁcant shifts in proportions
(Fig. 5b, d, and f).
3.4. Quantiﬁcation of mitochondrial membrane potential (ΔΨm)
Many studies have used the positively charged dye TMRM
(tetramethylrhodamine methyl ester) to measure ΔΨm, yet none have
analyzed its intensity amongst different morphological classes or
developed an automated process for separating intramitochondrial
ﬂuorescence from other cellular compartments [8,31–34]. MTDR
(MitoTracker Deep Red), previously used in this study to label all polar-
ized mitochondria, is well-retained in subsequently depolarized mito-
chondria (Supplementary Fig. 1). Thus, this dye and TMRM were
loaded and equilibrated prior to administration of toxicants
(Section 2.6). Next, MTDR was used to locate all mitochondrial objects
followed by analysis of TMRM intensity within the MTDR-derived
mitochondria-speciﬁc mask. Following registration, the colocalization
(and relative intensity) of these two dyes was very similar in control
cells as assessed by values of Pearson's correlation (ρ = 0.72)
(Section 2.5.1). Colocalization analysis determined that linearity of the
relationship between TMRM and MTDR increased with oligomycin
treatment (ρ= 0.92), and decreased signiﬁcantly with FCCP treatment
(ρ= 0.25).
Mitochondrial objects were localized and classiﬁed using MTDR im-
ages only, and the mean ﬂuorescence intensity of TMRM within each
357A.P. Leonard et al. / Biochimica et Biophysica Acta 1853 (2015) 348–360mitochondrion was averaged, the average intensity of nuclear TMRM
ﬂuorescence was subtracted, and this difference averaged for all mito-
chondria within each cell (Fig. 6). Compared to control conditions
(Fig. 6a, d), uncoupling mitochondria with 1 μM FCCP induced depolar-
ization as evidenced by a 67% decrease in mean mitochondrial TMRM
ﬂuorescence intensity at 1 h (Fig. 6b) that returned to baseline by 24 h
(Fig. 6e); and 1 μM oligomycin led to hyperpolarization as evidenced
by a 280% and 425% increase in mitochondrial TMRM ﬂuorescence in-
tensity compared to vehicle at 1 h and 24 h, respectively (Fig. 6c, f). In-
terestingly, the distribution of average cellular TMRM intensity
remained Gaussian with either treatment (Fig. 6h, i). By quantifying
the ﬂuorescence intensity for each mitochondrial morphological sub-
type individually, the differential susceptibility of each subtype to com-
pound was next determined. The effect of FCCP and oligomycin was
observed to be equivalent in all morphological subtypes, with the ex-
ception of swollen, which failed to recover polarization following 24 h
incubation with FCCP (Supplementary Fig. 11).
4. Discussion
This study reports the development of a high-throughput method
for the analysis of mitochondrial dynamics and function via automated
ﬂuorescence microscopy and a new software algorithm, and evaluates
the response of mitochondrial morphology to known chemical inhibi-
tors of mitochondrial function in 661w photoreceptor cells. For a brief
overview of how this method may be applied to drug discovery, please
see Fig. 7. Depending on the target and the concentration of these toxi-
cants, qualitatively and quantitatively different effects onmitochondrial
morphology were observed, demonstrating concentration-dependent
mitochondrial, morphological changes. Using conditional inference-
based machine learning, mitochondrial objects detected in living
661w cells were classiﬁed into four distinct bins according to theirFig. 6. Quantiﬁcation of mitochondrial membrane potential (ΔΨm) via mitochondria-speciﬁc la
(TMRM) staining within mitochondrial objects located using MitoTracker Deep Red at either
oligomycin (1 μM). Key to false color scale is shown at bottom right. Mean intensity of TMRM l
averaged for each experiment (g) or the distribution of all cells shown using a density plot (hi
dependent experiments. *p b 0.05 versus vehicle at corresponding time point via 2-way ANOVA
Fig. 11 for a summary of polarization responses of each morphological bin (puncta, rods, netwo
Red- and TMRM-stained 661w cells following response to FCCP and oligomycin treatment.shape (puncta, rod, network, large & round). This classiﬁcationwas cru-
cial to enabling the quantiﬁcation of toxicant-induced changes in low
abundance subtypes (large & round, which represent only 2% of mito-
chondrial objects by area), and also improved the quantiﬁcation of
more common shapes (networks, rods, and puncta are 61%, 21% and
9%, of cellular mitochondrial objects by area, respectively). By segregat-
ing subtypes and thusmeasurements, this strategy improved sensitivity
and statistical power to detect toxicant-induced differences. For in-
stance, ﬁber length of networks had a much lower coefﬁcient of vari-
ance (3%) than all the other measures, which ranged from 6 to 20% in
control cells (derived from measures presented in Figs. 3, 4, and 5). Re-
garding the reproducibility of previous studies, Koopman et al. de-
scribed the utility of measures such as form factor, area, and perimeter
for describing interconnectedness [8], and as expected, these measures
were utilized in the machine learning-derived classiﬁer (Supplementa-
ry Fig. 2).
Our method allowed for the visualization of both mitochondrial lo-
cation (via staining with MTDR) and mitochondrial membrane poten-
tial (via staining with TMRM). It is important to note that while
membrane potential drives loading of MTDR into mitochondria, once
covalently bound to mitochondrial proteins, its distribution is relatively
insensitive to subsequent depolarization or acidiﬁcation (such as that
encountered by mitochondria undergoing autophagy in the lysosome).
Mitochondrial retention despite depolarization (see Supplementary
Fig. 1) is afforded by a chloromethyl moiety that covalently binds pro-
tein sulfhydryls; whereas its insensitivity to changes in matrix pH is
based on the fact that MTDR's ﬂuorophore is a delocalized cationic en-
amine. Enamines have pKa values in the range of 11–14 and, thus,
their electronic states are static within physiological pH ranges [35].
To optimize visualization and object detection, several image pro-
cessing steps were used, including opening and denoising. Opening re-
sults in an efﬁcient estimation of the cytoplasmic area based on locationbeling. Representative images displaying intensity of tetramethylrhodamine methyl ester
1 h (a–c) or 24 h (d–f) following treatment with vehicle (0.1% DMSO), FCCP (1 μM), or
ocated within all mitochondrial objects was determined, averaged for each cell, and either
gher TMRM intensity to the right) (h, i). Data shown in (g) are mean ± SEM of n = 3 in-
. Same color scheme labeling treatments in (g) is used for (h) and (i). See Supplementary
rks, large & round) and Supplementary Fig. 1 to see grayscale images of MitoTracker Deep
Candidate Drug/siRNA
Mitochondrial imaging
Respirometry
(FCCP uncoupled)
Respirometry (BOFA)
Change in 
number
Effectors of 
mitochondrial dynamics 
(Pink1, Parkin, etc.)
Measure markers of 
mitochondrial biogenesis 
or toxicity (PGC1α, 
mtDNAcopy number)
Measure binding and 
modifications of 
electron transport 
chain proteins
Drug Synthesis and Design
Primary Screening
Secondary Screening
Tertiary/Confirmatory 
Screening
Fig. 7. Example drug screening pipeline using mitochondrial morphological and membrane potential. Candidate drugs may be comprehensively evaluated for metabolic alterations by
using themethodologydescribed above. If changes are observed inmitochondrialmembranepotential as determined by TMRMﬂuorescence, full experimental (baseline, post-oligomycin,
post-FCCP, post-antimycin A/rotenone— commonly referred to as BOFA) respirometrywill identify the affected electron transport chain complex(es), (complexes I–IV versus complex V).
A change in mitochondrial number may be indicative of mitochondrial biogenesis or mitochondrial toxicity, which can be conﬁrmed by changes in FCCP-uncoupled OCR. Further inves-
tigation ofmarkers of mitochondrial biogenesis or toxicity, such as binding to, activity/expression of PGC-1α andmtDNA copy number, will provide further conﬁrmation of changes found
by imaging. Changes in morphology may indicate changes in mitochondrial ﬁssion, fusion or mitophagy, which can be conﬁrmed by examining binding to, or activity/expression of rel-
evant effector molecules, such as Pink1, Parkin, Drp1, Mfn1/2, Fis1, or Opa1.
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speciﬁc cytosolic ormembrane stain, although thismethodmayexclude
areas of the cytoplasm that are devoid of mitochondria [36]. Denoising
algorithms can contribute artifacts to microscopic data, including
undersegmentation [37]. Undersegmentation in this analysis is a
particularly important problem as it can cause aggregation of multiple,
individual mitochondrial objects, resulting in an inappropriate categori-
zation of simpler phenotypes (puncta, rods) as more complex pheno-
types (networks). A watershed clump breaking algorithm ensured
maximum separation ofmitochondrial objects to prevent apparent con-
nectivity caused by undersegmentation. These efforts reduced back-
ground detection of aberrant objects without increasing clumping or
undersegmentation (data not shown).
One example of the increased sensitivity of this strategy is apparent
in the quantiﬁcation of concentration-dependent changes in the un-
common population of large & round mitochondrial objects (~2% in
control cells), whichmay serve as the ﬁrst useful indicator of mitochon-
drial swelling in live cells. For instance, TBHP, oligomycin, and ouabain
increased the prevalence of large & round mitochondrial objects by
40–130% in comparison to vehicle, whereas rotenone and antimycin A
had no effect. Oxidant TBHP is a known activator of permeability transi-
tion pore opening and Ca2+-inducedmitochondrial swelling [23,24,33].
Ouabain treatment is expected to inducemitochondrial swelling via cel-
lular osmotic dysregulation [38,39]. Pletjushkina et al. reported that CV-
1 epithelial cellular mitochondria, but not those of HeLa cells, undergo
signiﬁcant ﬁssion in response to 500 μM ouabain [40]. While we saw
signiﬁcant decreases in networked area in response to ouabain, we
only saw a trend for decrease in the proportion of total area comprised
of networks. Nonetheless, our data support that swollen mitochondria
form a signiﬁcant portion of the large & round population. However,
two punctate mitochondria undergoing fusion may exist in a large &
round shape temporarily (or vice versa) or in a rod-puncta intermediate
[41]. Since swollen and rod-puncta intermediate phenotypes have a
similar appearance, they are not separable by morphological classiﬁca-
tion alone. TMRM signal intensity of the large & round mitochondrial
objects subpopulation in cells treated with control or other treatments
resembles a Gaussian distribution (and not bimodal), indicating that
mitochondrial polarization does not dichotomize this population. In ad-
dition to swelling, exposure to TBHP recapitulated previously published
ﬁndings including mitochondrial fragmentation [42] (fewer rods and
networks, decreased ﬁber length) and increased mitochondrialturnover/mitophagy [43] (indirectly inferred from decreased total
area). Additional studies, including simultaneous ﬂuorometric mea-
surement of intramitochondrial calcium [Ca2+]m (expected to rise dur-
ing swelling [31,44]), might be helpful in deﬁning or subdividing this
population in the future. Recent studies into mitochondrial superoxide
“ﬂashes” have highlighted the importance of the mitochondrial perme-
ability transition pore in conducting a transient outward (mitochondria
to cytoplasm) Ca2+ current through VDAC [45]. In conjunctionwith res-
pirometry, it will be interesting to use this method to understand the
role of mitochondrial morphology as either a determinant or result of
superoxide ﬂash frequency.
Mitochondrial fragmentation is an early event in apoptosis.
Inhibiting pro-ﬁssion dynamin-related GTPase Drp1 results in delay of
caspase activation, a later event in apoptosis [46]. By this one mecha-
nismalone, the observation of fragmentation (fewer and/or smaller net-
works) may be interpreted as an early sign heralding cell death.
However, unchecked mitochondrial fusion (an increase in networks)
may be similarly deleterious by decreasing the rate of mitochondrial
quality control via mitophagy. It would appear that the networked phe-
notype was themost sensitive to stress, as decreases in both total mito-
chondrial object area and networked area (and in many cases, length of
networks) were observed with all mitochondrial toxicants tested. Yet
neither complex I inhibition by rotenone, nor complex III inhibition
via antimycin A, resulted in decreased network ﬁber length or increased
large & round phenotype. These data support the idea that mitochon-
dria display a complex response to damage, and ﬁssion of networks
into simpler phenotypes is a common feature, perhaps driven by the
greater availability of the elongated network shape to Drp1-mediated
membrane scission, or by increased autophagy induced by recruitment
of mitophagy-related kinase PINK1. Unlike the other three phenotypes,
the large & round phenotype failed to recover polarization after 24 h in-
cubation with FCCP (Supplementary Fig. 11). While 24 h allows sufﬁ-
cient time for mitophagy and biogenesis of new mitochondria, FCCP is
known to increase superoxide production [47]. Perhaps this differential
susceptibility of the large & round phenotype is indicative of a lowered
threshold for permeability transition/mitophagy.
Although the conditional inference decision tree classiﬁer used here
to bin mitochondrial objects was capable of quantifying concentration-
responsive changes in mitochondrial morphology, a further improve-
ment would be the ability to implement more robust machine learning
algorithms to improve accuracy. Future efforts to implement this
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sions (requiring perhaps 1–2 orders of magnitude more computing
power) and advancedmachine learning implementations to further im-
prove accuracy would be of great beneﬁt to the research community.
While the presentwork used a priori logic and previous literature to de-
ﬁne 4 morphological phenotypes, future studies using unsupervised
machine learning methods, and/or multiparametric clustering may be
of greater use in identifying phenotypes not characterized in these stud-
ies, such as the elongated mitochondrion with terminal bulb observed
in HeLa cells lacking Drp1 or its adapter protein Mff [48]. Indeed, unsu-
pervisedmachine learning approaches have proven valuable in cell sub-
type identiﬁcation and automatic gating in ﬂow cytometry studies [49].
FRET (Förster/ﬂuorescence resonance energy transfer) is a phenom-
enon that may occur between two ﬂuorescent molecules in which the
excitation spectrum of one ﬂuorophore overlaps with the emission
spectrum of another, the molecules are oriented properly, and are
very close (5–7 nmor less) to one another, leading to the direct transfer
of energy [50]. In this speciﬁc case, TMRM emission signiﬁcantly over-
laps with the excitation of MTDR and thus, the measurement of
TMRM intensity would be expected to decrease owing to the non-
radiative transfer of energy to the MTDR molecule, which in turn, ﬂuo-
resces. Anticipating this phenomenon, images of FRET (TMRM excita-
tion, MTDR emission) were additionally captured to quantify the
contribution of this phenomenon to decreased TMRM intensity. The in-
tensity and signal-to-noise ratio of these images, while present, were
both signiﬁcantly lower than that of images captured on the TMRM
channel, and were homogeneous in their cell-to-cell intensity values,
much like the MTDR images alone (data not shown). Quantiﬁcation of
the nuclear-corrected intramitochondrial FRET intensity – performed
identically to TMRM – additionally demonstrated this decrease in signal
to noise ratio. Hence, FRET signaling is not expected to signiﬁcantly af-
fect the mitochondrial membrane potential analysis of mitochondrial
subtypes.
Cell cycle is a known regulator of mitochondrial morphology, and
thus, would be expected to increase variability in addition to generating
additional challenges in image analysis (e.g., difﬁculty in segmenting
more variable nuclear shapes). Therefore, cell cycle was arrested to
more accurately measure the response of mitochondria to known toxi-
cants. Future studies that include improved segmentation of nuclei at all
stages and identifying the cell cycle status (perhaps via a similar ma-
chine learning approach) would be a signiﬁcant improvement by
allowing investigation ofmitochondrialmorphology in cells at each par-
ticular cell cycle stage.
Automation facilitated by use of an off-the-shelf microscope and
analysis tools provides the throughput necessary for the technique to
be useful as a discovery or diagnostic tool. A sample drug screening al-
gorithm is shown in Fig. 7, which highlights the utility of the method
in context with present high throughput tools like respirometry
(i.e., Seahorse XF96). Compound libraries could be screened for their
potential to improve or damage mitochondrial function, much as has
been accomplished using high-throughput respirometry [51]. As many
failures of therapeutics have been attributed to mitochondrial toxicity,
early discovery of such liabilities may improve both patient safety and
ﬁnancial success. Through RNAi screening, genetic determinants of
MD could be identiﬁed. Indeed, image-based RNAi screens have proven
their utility in determining genes involved in the induction of autopha-
gy and parkin-directed mitophagy in cells [52,53]. By analyzing
colocalization of mitochondrial objects with phagosomes/lysosomes,
this method could segregate general autophagy and selective
mitophagy [54]. An alternative strategy to characterize and/or stage au-
tophagy would be to quantify the distance of each mitochondrial object
to the nucleus, as perinuclear aggregation is associatedwith later stages
of autophagy [55].
Current diagnosis of mitochondrial diseases uses genetic, biochemi-
cal and functional analyses, yet none of these methods directly test the
regulation of MD [56,57]. For example, mutations in outer membranefusion GTPasemitofusin 2 (Mfn2) result in the 2A subtype of peripheral
neuropathy Charcot–Marie–ToothDisease (CMT2A) [58].Whilemanual
analysis of ﬁbroblast mitochondrial morphology from CMT2A patients
and controls found no difference between the two [59], computational
methods were able to detect pro-ﬁssion and pro-fusion changes in
mouse ﬁbroblasts with genetic complex I defects [60]. The binning-
based computationalmorphometricmethod presented heremay detect
smaller, though very signiﬁcant to phenotype, differences by enabling
subtype-speciﬁc analysis of mitochondrial morphology in many
replicates, thus allowing researchers to fully characterize alterations in
electrochemical parameters induced by biological perturbations (respi-
rometry measures oxygen consumption corresponding to electron
transport chain current, whereas this method measures membrane po-
tential and morphology). Finally, the morphological binning classiﬁer
scheme presented here may be applied to any ﬂuorescently-labeled in-
tracellular organelle/target with morphology ranging from ﬁlamentous
to punctate, or to quantify the localization of uncharacterized proteins
to morphological subtypes of organelles in an unbiased fashion.5. Conclusion
A high-contentmicroscopic method for the automated classiﬁcation
of mitochondrial morphology and membrane potential is presented
using an automated ﬂuorescence microscope platform (GE INCell Ana-
lyzer 2000) and new software built on the R platform. Classiﬁcation of
mitochondria into bins of four shapes (punctate, rod, networked, and
large & round) allowed for the quantiﬁcation of concentration-
responsive mitochondrial swelling, dynamics, and membrane potential
in response to a number of mitochondrial toxicants. To our knowledge,
this is theﬁrstmethod todiscriminate betweenmitochondrial subtypes,
and to determine their individual membrane potentials with sufﬁcient
throughput for pharmacological or toxicological evaluation to further
discovery and diagnostics.
Supplementary data to this article can be found online at http://dx.
doi.org/10.1016/j.bbamcr.2014.11.002.Acknowledgements
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